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Abstract


Accurate characterization of inter-vehicle spacing is fundamental for safety assessment and sustainable operation of road networks, particularly on two-lane rural roads where monitoring infrastructure is limited. Unlike temporal headways, vehicle spacing directly reflects physical vehicle interactions and roadway occupancy, making it a more appropriate variable for evaluating collision risk and operational efficiency. This study develops a probabilistic framework for modeling vehicle spacing based on the statistical isomorphism between Event Flows and Linear Fields of Random Points. Using a calibrated microscopic simulation model, spacing distributions are generated for unidirectional traffic over flow rates from 100 to 1300 veh/h. A Pearson Type III distribution is shown to consistently reproduce the observed asymmetry, kurtosis, and non-zero minimum spacing across traffic regimes. Distribution parameters are estimated via maximum likelihood and validated using a heuristic Kolmogorov–Smirnov procedure suitable for large samples. Results demonstrate systematic relationships between spacing distribution parameters and macroscopic traffic variables, enabling estimation of the probability of unsafe spacing conditions from commonly available traffic data. The proposed framework supports sustainability-oriented traffic management by providing a quantitative basis for safety evaluation and operational control without requiring extensive sensing infrastructure.
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1. Introduction


Rear-end collisions and inefficient utilization of roadway capacity remain central challenges for sustainable traffic systems, particularly on two-lane rural roads where geometric constraints and limited instrumentation restrict technological interventions. At the microscopic level, both safety and operational performance are governed by inter-vehicle spacing, which directly reflects physical vehicle interactions and roadway occupancy. Consequently, spatial spacing represents a primary variable for sustainability-oriented traffic analysis, as it influences collision risk, traffic organization, and infrastructure efficiency.



Vehicle spacing, also referred to as distance headway or spatial headway, is defined as the longitudinal distance between two successive vehicles measured at a given instant along a roadway segment, typically between homologous reference points on consecutive vehicles. Conversely, vehicle headway, or temporal headway, represents the time interval between successive vehicles passing the same point on the same lane at a fixed cross section. Although both variables describe microscopic traffic interactions, spatial spacing directly reflects the physical occupation of road space and the organization of traffic streams, whereas temporal headways provide only indirect information mediated by vehicle speed.



Vehicle spacing is a fundamental element of traffic analysis due to its direct relationship with vehicle density and its influence on driving behavior, safety conditions, and infrastructure performance [1,2]. Through this relationship, spacing affects traffic characteristics and levels of service on uninterrupted-flow facilities, such as multilane highways and freeways [1,3,4].



Historically, research on vehicle interactions has concentrated primarily on temporal headways. As reviewed by [5], early headway studies from the 1930s to the 1970s [6,7,8,9,10] and later developments addressing higher traffic demands on increasingly crowded roads [11,12,13] focused on vehicle arrival processes observed at fixed cross sections. These approaches implicitly assumed that headway distributions measured at a point were representative of vehicle interactions along an entire roadway segment. Subsequent studies demonstrated that headway distributions vary with traffic state, speed, and interaction intensity and therefore cannot be considered spatially homogeneous [5,14,15,16].



Although temporal headways are easier to collect using fixed-point detectors, they provide only indirect information on physical vehicle proximity and implicitly assume homogeneous speeds. Under real traffic conditions, speed variability introduces additional randomness that breaks the equivalence between time-based and space-based observations. As a result, temporal headways cannot reliably represent actual inter-vehicle separation along a road segment. In contrast, spatial spacing directly quantifies physical distance between vehicles and is therefore more appropriate for evaluating collision risk, roadway occupancy, and compliance with safety thresholds.



Proper understanding of vehicle spacing is essential for developing traffic models that enhance safety, support sustainability objectives, establish safe following distances, and inform regulatory standards. Rear-end collisions, which account for a substantial portion of traffic accidents, often result from sudden deceleration of the leading vehicle or unexpected acceleration of the following vehicle, primarily due to driver inattention, misjudgment, or aggressive [17,18,19,20]. Consequently, analyzing vehicle behavior in terms of spatial distancing is fundamental for modeling rear-end collision mechanisms and testing mitigation strategies.



Direct measurement of spatial spacing over extended road segments poses practical challenges, particularly on rural networks. While speeds and temporal headways are easily collected using fixed-point detectors, spatial spacing is often inferred indirectly through local density estimates based on stationarity assumptions that are rarely satisfied under real traffic conditions [1,2,21]. Experimental approaches using GPS, LiDAR, or instrumented vehicles provide accurate spacing measurements but are typically limited in scale and applicability [22]. Recent advances in video recording and image processing enable high-resolution spacing measurements [17,23], yet these technologies require substantial infrastructure and are generally confined to motorways and major corridors [24]. In recent years, UAV-based aerial video combined with computer-vision trajectory reconstruction has enabled the collection of high-resolution microscopic traffic data, including vehicle trajectories and spatial gaps, over extended road segments [25,26,27]. However, such approaches typically require dedicated survey campaigns, regulatory authorization, and significant data-processing resources, and their systematic deployment over extended rural networks remains operationally constrained.



Two-lane rural roads represent a substantial share of national and regional road networks and play a key role in connecting urban areas with local and peripheral territories. These facilities are characterized by heterogeneous traffic, geometric constraints, and limited technological equipment [28,29,30]. From a sustainability standpoint, improving safety and operational efficiency on such roads is essential, as extensive infrastructure upgrades or sensor deployments are often economically and environmentally unfeasible. In this context, modeling approaches capable of extracting meaningful information from commonly available traffic data are particularly valuable.



Probabilistic modeling provides a suitable framework for representing inter-vehicle spacing under these constraints. Empirical evidence shows that spacing distributions are asymmetric, bounded, and strongly dependent on traffic conditions, reflecting the coexistence of free-flow and interaction-dominated regimes [9,10,11]. Despite their relevance, spatial spacing distributions have received less attention than temporal headways, particularly for two-lane rural roads, where their characterization can support sustainable traffic management and safety-oriented decision making.



The present study addresses this gap by focusing on the probabilistic characterization of inter-vehicle spacing on no-passing two-lane rural roads. To overcome the lack of direct spacing measurements, the research adopts the isomorphism between Event Flows and Linear Fields of Random Points [21], which provides a theoretical basis for deriving spacing distributions from temporal headway distributions. Building on the simulation model proposed by [31], calibrated and validated using monitored data from a two-lane rural road section in Northern Italy, this study analyzes spacing distributions across a wide range of traffic flow rates and densities.



The objective is to identify and estimate an appropriate probabilistic representation of vehicle spacing, focusing on the Pearson Type III distribution, and to investigate the behavior of its parameters as traffic conditions evolve. The Pearson Type III family is selected because it provides a flexible three-parameter formulation capable of simultaneously representing positive skewness, leptokurtic behavior, and non-zero minimum spacing values, while encompassing classical models such as the Negative Exponential, Shifted Exponential, and Erlang distributions as special cases. This property allows a unified distributional framework across different traffic regimes without switching between unrelated functional forms. By providing a statistically consistent description of spacing, the proposed framework supports sustainability-oriented traffic analysis by enabling quantitative safety assessment, performance evaluation, and regulatory considerations without requiring extensive monitoring infrastructure.



The principal scientific contribution of this study is the formulation and validation of a probabilistic framework for inter-vehicle spacing on two-lane rural roads, based on the isomorphism between Event Flows and Linear Fields of Random Points and implemented through the Pearson Type III distribution, whose parameters exhibit systematic relationships with macroscopic traffic variables.



The remainder of the paper is organized as follows. Section 2 presents the problem formulation and introduces the theoretical framework based on Event Flows and Linear Fields isomorphism. Section 3 summarizes the simulation model and the spacing datasets used in the analysis. Section 4 presents the estimation of spacing probability distributions using the Pearson Type III family. Section 5 discusses parameter trends across traffic conditions. Finally, Section 6 summarizes the main conclusions.




2. Theoretical Framework: Point Processes and Vehicle Spacing


This section outlines the stochastic framework used to connect temporal headways (measured at a cross section) and spatial spacings (measured along a road segment) using point-process theory. The framework provides the basis for selecting and calibrating probabilistic models for inter-vehicle spacing under different traffic regimes.



2.1. Traffic Counting Process and Vehicle Headway Process


Microscopic traffic behavior emerges from heterogeneous driver–vehicle units that continuously adjust their motion in response to the leading vehicle. As a result, both temporal headways and spatial spacings exhibit substantial variability, even when roadway conditions are uniform and demand is approximately stable. When traffic is treated as a stochastic process, a practical and comprehensive description is obtained by specifying the probability density function of inter-event (time) or inter-object (space) separations together with information on serial dependence (e.g., autocorrelation) [10,21].



Even under stationary traffic conditions, inter-vehicle separation exhibits inherent variability due to heterogeneity in vehicle performance and driver perception–reaction behavior. Consequently, sequences of headways or spacings can be modeled as realizations of a random process, which is central to both theoretical and applied traffic-flow analysis [21].



A random process can be viewed as a finite-length series of measurements of a random variable over an observation horizon T [1,21]. In this context, a traffic lane can be conceptualized as a family of stochastic trajectories [10]: the n-th vehicle is represented by its position     x   n     t     over time t, and the collection {    x   n     t    } forms a mutually dependent family of functions. An observer at a fixed roadside location   x =   x   a     records vehicle passage times     t   0    ,     t   1    ,     t   2    , … and the temporal headways     ( t   1   −   t   0   )  ,     ( t   2   −   t   1   )  , … become the primary objects of interest rather than the absolute passage instants. Within this “local” observation setting, the headway probability density function is fundamental, because it supports derivation of the counting distribution, i.e., the probability distribution of the number of vehicles arriving in a fixed observation interval–an essential element for assessing temporal dependence in traffic phenomena [10,21].



An alternative boundary condition is defined by observing the traffic stream at a fixed time   t =   t   b    . In that “instantaneous” setting, the relevant quantities are spatial spacings     ( x   i   −   x   i − 1   )  , which again carry greater significance than absolute vehicle positions. Instantaneous observations support estimation of spatial speeds and densities, whereas local observations yield time-mean speeds and volumes. In line with most of the literature, the present study primarily uses the local view to describe inter-event intervals (temporal headways) and then exploits the corresponding isomorphic structure to infer spatial spacing behavior.




2.2. Linear Point Processes


Separations between consecutive vehicles (in time or space) are more informative than absolute locations and the relationship between temporal-headway distributions and spatial-spacing distributions can be formalized through point-process theory, specifically via Event Flows and Linear Fields of Objects [32,33].



A point process is a stochastic model for points (events or objects) randomly located in a mathematical space (time, a line, a plane, or higher-dimensional spaces). In one dimension, point processes describe random occurrence of events/objects in time or along a line [33,34]. Randomness is a defining feature of point processes, but independence is not: independence holds only for specific models (e.g., Poisson), whereas more general processes incorporate interaction effects (repulsion/attraction) that change the distribution of inter-point distances.



Consider the positive half-line   r +  . A linear random point process is defined as a progressive random placement of points on   r +  , represented by increasing random abscissas     x   1    ,     x   2    , …,     x   n     (Figure 1).



The inter-point distances are     Δ   i   x   =     x   i + 1   −   x   i     with   i   = 1,2, …,   n   and the process can equivalently be described by the sequence     x   1    ;     x   2   =   x   1   +   Δ   1   x  ;     x   3   =   x   1   +   Δ   1   x +   Δ   2   x   and so forth. The average number   β   of points per unit interval on   r +   is the process intensity, which may be constant,   β   = cost, or variable,   β = β   x    .



The same mathematical structure admits different physical interpretations. If points represent events and the abscissas represent event times     t   i     (i.e.,     x   i   =   t   i    ), the process is an Event Flow, also known as an Arrival Process, with interarrival times     τ   i   = t =   t   i + 1   −   t   i     and   λ   is the event rate (e.g., traffic flow rate). If points represent objects aligned along a line and the abscissas represent positions along   r +  , the process is a Linear Field of Objects with interspaces     s   i   =   Δ   i   l =   l   i + 1   −   l   i    , and   β   is the object density. In traffic terms, Event Flows represent vehicle passages at a cross section, whereas Linear Fields represent vehicle positions along a road segment at an instant.



2.2.1. Isomorphism Between Event Flows and Linear Fields for Time and Space Headways


Event Flows and Linear Fields of Objects arise from the same ordered random-point construction on   r +   and are therefore statistically isomorphic in a formal sense. The isomorphism establishes a duality between time and space, and correspondingly between flow rate and density, provided that the same probabilistic assumptions apply. Importantly, this is an equivalence between stochastic model structures, not an automatic physical identity between time-based and space-based measurements.



Consider a vehicle arrival process that satisfies the following [30]:




	
Absence of memory: counts in disjoint time intervals are independent;



	
Ordinariness: probability of two or more arrivals in a short interval is negligible relative to a single arrival;



	
Stationarity: arrival intensity   γ   is constant over time.








Then, the number of arrivals m in a time interval Δt follows a Poisson law:


    P   m   =      a   m     m !      e   − a    



(1)




where   m = 0 , 1,2 , … , n , …   and


  a = γ Δ t  



(2)







Under Equation (1), inter-arrival times are exponentially distributed:


  f   τ   = γ · e x p   − γ τ    



(3)







Replacing events with objects and   Δ t   with a special segment   Δ l   on   r +   yields a Poisson Linear Field of Objects with analogous assumptions:




	
Absence of memory: counts in disjoint segments are independent;



	
Ordinariness: probability of two or more objects in a short segment is negligible;



	
Stationarity: density   γ   is constant along   r +  .








The number of objects in a segment   Δ l   still follows Equation (1) with   a = γ Δ l  , and the interspaces are exponential:


  f   s   = γ · e x p   − γ s    



(4)







In traffic terms, if Equation (3) models temporal headways at a cross section with   γ = Q   (flow rate), Equation (4) models spatial spacings along a segment with   γ = D    (density). Thus, for Poisson Event Flows and Poisson Linear Fields, the same functional form (negative exponential) applies to both temporal and spatial separations when expressed in the corresponding domain.



More generally, for any pair of statistically isomorphic Event Flow and Linear Field models, the spatial-distance law has the same functional form as the temporal law under the dual substitutions    Q →     D   and   t →     l  . This establishes the conceptual duality: flow rate and time are dual to density and length. However, empirical coincidence between time-headway and space-spacing distributions requires homogeneous traffic with constant and identical speeds. When speeds vary, transforming time into space introduces additional randomness, and temporal and spatial distributions generally differ even if the underlying model structures remain isomorphic.




2.2.2. Some Models for the Spatial Distance Between Vehicles


The isomorphism provides a principled way to derive candidate spacing models from temporal-headway models for steady-state single-lane traffic. Common temporal-headway models include the Negative Exponential, Shifted Exponential, Erlang, and Lognormal distributions [1,11,21]. For low-density traffic without platoons, the Negative Exponential model represents maximal randomness in arrivals and has CDF:


  F   τ   = 1 − γ · e x p   − γ τ    



(5)




where   γ   denotes the intensity of the underlying Poisson Event Flow.



Because Equation (5) assigns non-zero probability to arbitrarily small headways, it conflicts with finite vehicle length. A standard remedy is the Shifted Exponential model incorporating a minimum feasible headway     τ   0     [5,10,35]:


  F   τ   = 1 − e x p   −        τ −   τ   0           1   γ   −   τ   0            , τ ≥   τ   0    



(6)




where the normalization preserves mean   1 / γ  .



When interactions increase and headways concentrate into narrower ranges, Erlang or Log-normal models are often appropriate [35,36,37,38,39]:


  F   τ   = 1 − e x p   − τ k γ     ∑  n = 0   k − 1             τ k γ     n     n !         



(7)






  F   τ   = Φ        l n   τ   − α     β       



(8)




where Φ(∙) is the standard normal CDF.



Table 1 reports the corresponding spacing models obtained by substituting τ → s and Q → D [21]. For Negative Exponential and Shifted Exponential spacing distributions,   γ   = D. In the Erlang case, the rate becomes   k D  , where   k   ∈ {1, 2, …} controls shape;     s   0     is the minimum feasible spacing;   α   and   β   are the mean and variance of ln(s). Sample statistics     s  ¯    and       S   2    ¯    estimate     μ   s   = E   s     and       σ   2     s   = V A R   s    .



From an application standpoint, a Negative Exponential spacing model is consistent with sparse, non-platooned streams. The Shifted Exponential accommodates a minimum distance     s   0    . As density increases and vehicle interactions become stronger, an Erlang distribution can provide a better representation. The Log-normal can be suitable in dense regimes where spacings concentrate into a small number of amplitude classes.



The Erlang distribution can also be interpreted as the inter-arrival distribution between non-consecutive events (e.g., the nth and (n + k)th) in a Palm Event Flow [40] which generalizes Poisson flow by allowing limited dependence while maintaining stationarity. This structure makes Erlang models useful when interdependence is present but does not extend to long memory [41]. Empirical fitting of Erlang models under different discharge regimes is documented in prior works [1,42,43,44].



As an initial model-selection heuristic, moment-based criteria can be used: if     s  ¯  ≅      S   2    ¯    , a Negative Exponential model is plausible (Table 1). A Shifted Exponential may be adopted when a non-zero minimum distance is required. When     s  ¯  ≠      S   2    ¯   ,   spacing variability departs from that implied by a Poisson Linear Field, and alternative models such as Erlang become appropriate.




2.2.3. Pearson Type III Distribution and Spatial Distances Between Vehicles


Several headway/spacing models that appear distinct (excluding Log-normal) can be embedded within a unified distributional family, increasing modeling flexibility without switching between unrelated functional forms. This is achieved through the Pearson Type III distribution, a three-parameter member of the Pearson distribution family.



Pearson Type III has a long tradition in hydrology and has been extensively studied for parameter estimation and fitting procedures [45,46,47]. Buckley [10] first proposed its use in traffic, showing good fit for non-low flow conditions [9].



Hereafter,   β   denotes the point-process intensity (i.e.,   γ = Q   for Event Flows and   γ = D    for Linear Fields). To avoid ambiguity, the Pearson Type III distribution is parameterized by shape   k  , location     s   0    , and rate   λ = 1 / θ  .



For spacing s, Pearson Type III (three-parameter gamma/shifted gamma) is defined for   s ≥   s   0     by:


   f   s   =    λ   Γ   k      ·     λ   s −   s   0         k − 1   e x p   − λ   s −   s   0       ,     s ≥   s   0    ,  



(9)




or equivalently, with   λ =    1   θ     ,


   f   s   =        s −   s   0       k − 1       θ   k   Γ   k      · e x p   −      s −   s   0       θ      ,     s ≥   s   0   .   



(10)







The Gamma function is


  Γ   k   =   ∫  0   ∞      x   k − 1     e   − x   d x ,    



(11)




so that for integer   k  ,   Γ   k   =   k − 1   !  .



Parameters have clear roles: k > 0 controls shape/skewness,     s   0     ∈ R is a location (minimum spacing) parameter, and   λ ≠ 0   (or θ > 0) controls scale. For spacing applications,   λ > 0   and   s   ∈ (    s   0    ,   + ∞  ).



Pearson Type III subsumes several classical models as special cases: for     s   0   = 0   and real   k > 1  , it yields the Gamma distribution; for     s   0   = 0   and integer   k  , it yields Erlang; for     s   0   = 0  ,   k = 1  , it reduces to Negative Exponential; for     s   0   > 0  ,   k = 1  , it yields Shifted Exponential (Table 1). In the Poisson (exponential) special case   k = 1  ,     s   0   = 0  , the Pearson rate coincides with the Linear Field intensity, i.e.,   λ = γ = D  ; for   k ≠ 1   and/or     s   0   > 0  ,   λ   is a distributional parameter linked to, but not directly interpretable as, traffic density.



The mean and variance are     μ = s   0   +    k   λ     ,     σ   2   =    k     λ   2       , and skewness equals to      2    k      , decreasing as   k   increases. Parameters   k  ,   λ =    1   θ     , and     s   0     can be estimated by the method of moments [48], or via maximum likelihood estimation (MLE). For a sample     s   1   ,     s   2   ,   … ,     s   n     with     s   0   <   m i n   i     s   i    , the likelihood is:


   L   k ,   θ ,   s   0     =   ∏  i = 1   n             s   i   −   s   0       k − 1       θ   k   Γ   k        · e x p   −        s   i   −   s   0       θ            s   0   <   m i n   i     s   i     



(12)







The log-likelihood is:


   l o g L   k ,   θ ,   s   0     =   ∑  i = 1   n        k − 1   · l n     s   i   −   s   0     −        s   i   −   s   0       θ    − k · l n θ − l n Γ   k       ,       s   i   −   s   0   > 0   



(13)







Pearson Type III can model asymmetric data beyond classical event-flow assumptions. Unlike its Erlang specialization, it does not explicitly embed the limited-memory structure associated with Palm event flows or modified Poisson processes [49]. More generally, it does not require independence or limited memory in its theoretical construction [50]. Nonetheless, assessing dependence remains important to avoid biased inference and misinterpretation of statistical tests [51]. For sequential spacing/headway data, dependence can be screened through lag-1 autocorrelation: a significant lag-1 correlation indicates that each observation depends partly on its predecessor [52]. While such dependence does not invalidate Pearson Type III as a descriptive distribution, it may affect standard inference procedures and motivates robustness checks and appropriate estimation strategies [53].



Building on the probabilistic framework introduced in Section 2, the following section describes the simulation-based methodology adopted to generate and analyze inter-vehicle spacing data under controlled traffic conditions.






3. Methods and Materials


3.1. Spacing Simulation Model for a Single-Lane Traffic Stream


This study develops a probabilistic characterization of inter-vehicle spacing that can support safety-oriented and sustainable traffic operations on two-lane rural roads, where extensive sensing infrastructure is often impractical. Building on the theoretical isomorphism between Event Flows and Linear Fields of Random Points on the semi-infinite line   r +  , the paper focuses on selecting and calibrating a probability model for spacing under operating conditions that enforce single-lane behavior (i.e., no overtaking). The spacing datasets analyzed herein are generated using the calibrated Spacing Simulation Model introduced in [31]. The complete modeling chain, including model assumptions, calibration procedures, and validation results, is presented in detail in the previous study [28], which provides the empirical basis for the simulation framework adopted here.



The simulation framework consists of two main components: a Vehicle-Generation Model (VGM) and a Vehicle-Interaction Model (VIM).



The VGM defines vehicle entry at the origin O of a lane of indefinite length and includes:




	
Temporal Headway Distribution Model (THDM): assigns a stochastic temporal headway to each vehicle relative to its predecessor;



	
Initial Speed Distribution Model (ISDM): assigns entry speeds at O using a stochastic representation consistent with the macroscopic fundamental diagram, thereby capturing realistic variability in driver behavior and vehicle performance.








The VIM governs longitudinal interactions after entry and includes:




	
First Vehicle Speed Pattern (FVSP): prescribes the motion pattern of the lead vehicle;



	
Car-Following Model (CFM): reproduces the response of each following vehicle in terms of speed and spacing adaptation to the leader, incorporating reaction effects and collision-avoidance constraints.








In the adopted framework, vehicle interactions are modeled through General Motors (GM) car-following formulation. The parameters     α   0    ,   m  , and   l   are defined consistently with the macroscopic traffic law calibrated for the monitored site. In particular, the values   m = 0   and   l = 1   associate the GM formulation with the Greenberg fundamental diagram calibrated for the reference road section, while the sensitivity parameter     α   0     is set equal to the characteristic speed parameter     V   m     of the same diagram, as reported [31]. This ensures consistency between the microscopic interaction mechanism and the macroscopic traffic relationships observed in the field.



Vehicles are represented as extended objects with constant length   L = 4.5    m, consistent with the passenger-car length observed at the monitoring site. This value corresponds to the average vehicle length measured in the calibrated dataset and reflects the single-class traffic composition of the study site, where heavy vehicles over 3.5 tons are not permitted.



Simulations cover hourly flow rates from 100 to 1300 veh/h in increments of 100 veh/h. For each flow level, 100 independent sequences of 100 vehicles are generated (single vehicle class, no overtaking). Vehicles enter at O according to THDM and ISDM and then interact according to the CFM under FVSP, producing a controlled yet behaviorally consistent stream suitable for systematic spacing analysis.



Model specification, calibration, and validation rely on the monitoring section described in [29]. The site consists of a straight, level two-lane rural road segment in Northern Italy instrumented with 24.165 GHz Doppler radar sensors on both sides. The facility has a 90 km/h speed limit, a no-transit rule for heavy vehicles over 3.5 tons, and a no-overtaking rule for all vehicle categories. Traffic was monitored over 24 h in both directions, capturing approximately 28,000 vehicles during a typical workday without atmospheric or incidental disruptions. The monitoring data collected at this site were used in [31] to calibrate the parameters of the vehicle-generation process, the stochastic fundamental diagram, and the GM car-following model, and to validate the simulated traffic variables (speeds and headways) against observed measurements.



Overall, 130,000 vehicles are simulated (13 flow levels × 100 sequences × 100 vehicles). For each 100-vehicle sequence, the following variables are extracted:




	
Temporal headways     τ   i   ( x = 0 )   (  i = 1 , … , 100  ) at the origin O;



	
Speeds     V   i   ( x = 0 )   (  i = 1 , … , 100  ) at the origin O;



	
Spacing     s   i   ( t =   t   *   )   (  i = 1 , … , 100  ), at the reference time     t   *    , defined as the longitudinal separation between vehicle i and its predecessor at the instant when the last vehicle (  i = 100  ) enters the stream, thus providing an instantaneous spatial snapshot of the traffic configuration.








As reported in [31], simulated headways and entry speeds were validated against the monitored data, showing strong agreement both for headway distributions and for speed trends consistent with the macroscopic behavior observed at the site. This validation supports the use of the simulated spacing datasets for the probabilistic analyses developed in the present paper.




3.2. Spacing Data Simulated at Varying Flow Rates and Densities


The analyses focus on spacing observations     s   i   ( t =   t   *   )   (  i = 1 , … , 100  ) collected at the reference time     t   *    , i.e., when the last vehicle of each 100-vehicle sequence is generated at the origin O. In the simulation output, spacing is defined as the longitudinal distance between homologous reference points on consecutive vehicles (front-to-front in the simulated representation) and therefore includes the vehicle length    L  . Accordingly, the gross spacing can be written as     s   i     g         t   *     = Δ   x   i       t   *     .   A net physical gap can be obtained by subtracting vehicle length  :     s   i     n     (   t   *   ) = Δ   x   i   (   t   *   ) − L  , with   L = 4.5   m.



In the following, only the gross spacing     s   i     g     (   t   *   )   is considered because it ensures that spacing measurements refer to a consistent homologous point on successive vehicles and remains fully coherent with the point-based probabilistic framework and the extended-vehicle representation adopted in the simulation model. For simplicity, the notation     s   i   (   t   *   )   is used to denote gross spacing unless otherwise stated.



Spacing data are analyzed to characterize the probabilistic behavior of inter-vehicle separation under varying traffic conditions. The study considers flow classes from 100 to 1300 veh/h (step 100 veh/h) and density classes from 1 to 45 veh/km (step 5 veh/km). The simulated flow is normalized to an hourly rate using transits between   t = 0   and   t =   t   *    , while density is computed at     t   *      by normalizing the number of simulated vehicles to a 1 km road segment based on the total inter-point spacing along the road axis.



Further details and descriptive statistics of spacing for each class (central tendency, dispersion, quartiles, skewness, and kurtosis) can be found in [31]. The key empirical characteristics motivating the distributional modeling in this paper are summarized as follows:




	
Positive skewness: spacing distributions are right-skewed, with most values concentrated at low spacings and occasional large separations;



	
High kurtosis: distributions are leptokurtic, indicating a pronounced peak and heavier tails than a normal distribution;



	
Non-zero minimum values: minimum spacings reflect kinematic constraints and interaction rules embedded in the simulation;



	
Autocorrelation at high traffic levels: dependence becomes more evident at higher flow and density regimes.








Consistent with these features and with the evidence reported in [31], the Pearson Type III distribution provides a flexible parametric representation capable of reproducing asymmetry, kurtosis, and non-zero minima. Moreover, unlike exponential or Erlang-based formulations, Pearson Type III does not require independence or limited-memory assumptions and can therefore be applied to datasets exhibiting interdependencies, as supported by the lag-1 autocorrelation analyses in [31]. These datasets constitute the empirical basis for the parameter estimation and goodness-of-fit analyses presented in Section 4.





4. Results


To quantify and model spacing dynamics, the parameters of the Pearson Type III distribution are estimated separately for classes of hourly traffic volume and for classes of traffic density, each defined by a specific range of vehicles per hour or per kilometer.



Thus, for the set of 1300 simulated series, each consisting of 100 vehicles generated by the simulation, two fitting analyses of the Pearson Type III distribution were carried out, for: simulated flow segmentation (  Q   ranging from 100 to 1300 vehicles/hour with an increment of 100 vehicles/hour); and simulated density segmentation (  D   ranging from 1 to 45 vehicles/km with an increment of 5 vehicles/km). For the estimation of the parameters   k   and   λ   in Equation (9), the MATLAB 2020a function ‘gamfit’ was used, which is based on the MLE method. This was preceded by a data shift equal to the estimated location parameter     s   0    , to reduce the three-parameter Pearson Type III distribution to a standard Gamma form suitable for MLE.



As is well-known in the practice of data fitting, an assessment of autocorrelation is crucial for understanding its potential impact on parameter estimation. As highlighted in [31], the analysis can be confined to autocorrelation at lag 1, assuming no compelling reasons exist for higher lag autocorrelations among vehicle distances unless a correlation at lag 1 (i.e., among three consecutive vehicles) is present. Based on the results in [31], it can be stated that, generally, in situations of low traffic volume where autocorrelation is less pronounced, the estimation of parameters is statistically reliable. However, at higher traffic volumes, even though the focus is placed on the average values of the estimated parameters, verifying that increased autocorrelation does not significantly distort the results involves evaluating the consistency of parameter trends with varying traffic volume and density. If the parameters vary predictably and without anomalies across different traffic classes, it can be concluded that the effect of autocorrelation, while present, does not compromise the validity of the Gamma distribution parameter estimates. In this context, MLE is used to estimate the parameters of the marginal spacing distribution rather than to perform statistical inference based on asymptotic standard errors. The objective of the analysis is the identification of the appropriate probabilistic form and the examination of the evolution of the distribution parameters across traffic regimes. Consequently, the robustness of the estimation under serial dependence is assessed through the regularity and coherence of the parameter trends with respect to traffic flow and density. Any possible underestimation of variance due to autocorrelation therefore mainly affects the quantification of parameter uncertainty, while it does not alter the identification of the distributional form describing inter-vehicle spacing.



For each class of   Q   and   D  , Table 2 and Table 3 show the values of the estimated parameters. The same tables report the goodness-of-fit (GoF) test, which is performed with the heuristic criterion defined in [30] to address the oversensitivity of traditional tests when dealing with large datasets. Thus, a heuristic Kolmogorov–Smirnov (KS) goodness-of-fit procedure was considered as a practical GoF assessment under large-sample conditions, through resampling a large number (1000) of small random sub-samples (100) compared to the hundreds of thousands of headways in the original samples.



The proposed criterion for assessing the overall GoF involves calculating the KS     D   n     statistic (namely the maximum difference between the theoretical and observed cumulated frequencies) for each sub-sample and obtaining their average       D   n    ¯   . By comparing the mean value       D   n    ¯    with the critical value, it provides a basis for accepting or rejecting the null hypothesis for the entire dataset. With a significance level of   α = 0.05  , the critical value of the KS test is     K S C   α = 0.05 , n = 100   = 0.136  .



Table 2 and Table 3 present the mean value       D   n    ¯    of the     D   n     statistic over 1000 random sub-samples of size 100. It also indicates (**) if the null hypothesis that the empirical distribution is consistent with the estimated theoretical distribution is not rejected based on the heuristic criterion       D   n    ¯  <   K S C   α = 0.05 , n = 100     and on the mean of the relative p-value values of each     D   n     (which must be >0.05).



Table 2 and Table 3 also contain the expected value of spacing calculated based on the distribution parameters as     E   s   = s   0   + k / λ   and the average density   E D = 1000 / ( k / λ +   s   0   )   (veh/km) always calculated using the parameters of the estimated probability distribution function.



It can be observed that, for all flow rate classes reported in Table 2, the null hypothesis that the empirical spacing distribution is consistent with the Pearson Type III distribution with the estimated parameters is not rejected. A similar result is obtained for the density classes reported in Table 3, with one exception corresponding to the lowest density class (1–5 veh/km). In this case, although the mean p-value remains above the prescribed significance threshold, the mean KS statistic       D   n    ¯    is very close to the critical value.



This behavior can be attributed to the higher heterogeneity of traffic conditions characterizing this density range, which includes simulated flow rates between 100 and 400 veh/h and average speeds ranging from approximately 90.5 to 63.5 km/h. To account for this heterogeneity, Table 4 reports the results of the parameter estimation, goodness-of-fit assessment, expected spacing   E [ s ]  , and estimated density   E D   for simulated densities between 1 and 5 veh/km, disaggregated with a step of 1 veh/km. The five disaggregated density classes all exhibit       D   n    ¯    values below the critical threshold and substantially lower than those obtained for the aggregated class, indicating a marked improvement in goodness-of-fit.



The corresponding probability density functions of the Pearson Type III distribution, parameterized according to Table 2, Table 3 and Table 4, are illustrated in Figure 2a, Figure 2b and Figure 2c, respectively.




5. Discussion


The analysis of vehicle spacings using the Pearson Type III distribution has proven effective in capturing the main statistical features of the simulated traffic data. The estimated parameters provide meaningful insight into traffic dynamics and inter-vehicle interactions under varying operating conditions. Overall, the flexibility of the Pearson Type III distribution allows it to accommodate both the asymmetry and the leptokurtic nature of spacing distributions observed across different flow and density regimes.



In this section, the trends of the estimated distribution parameters and selected characteristic quantities are discussed with respect to hourly traffic flow and vehicle density. Figure 3, Figure 4 and Figure 5 illustrate the variation in the parameters   λ   and   k   across the different traffic classes considered.



Consistent with expected driving behavior, the rate parameter   λ   increases with increasing traffic flow and density. This trend reflects a progressive reduction in average inter-vehicle spacing as traffic conditions become more congested. From a mathematical perspective, higher values of   λ   correspond to a stronger concentration of probability mass at lower spacing values, since the parameter governs the rate at which the distribution decays. As a result, larger values of   λ    indicate more compact vehicle configurations along the road axis.



A comparison between Figure 3a, Figure 4a and Figure 5a highlights different functional relationships between   λ   and the macroscopic traffic variables. For the flow rate classes, the variation of   λ   is well approximated by a power-law relationship, indicating an accelerating increase in the parameter as flow rises. In particular, Figure 3a suggests the presence of two distinct regimes separated by a threshold around 600 veh/h: a regime of moderate parameter growth at lower flows and a regime of more rapid growth beyond this value. This threshold is consistent with the calibrated fundamental diagrams for the same road section, which indicate that around   Q ≈ 600   veh/h traffic transitions from weak interaction conditions to a regime dominated by car-following. As vehicle interactions become systematic and platoons form, spacing becomes more constrained, explaining the faster growth of   λ   beyond this flow level. In contrast, when   λ   is analyzed as a function of traffic density, Figure 4a and Figure 5a show a nearly linear trend, both for density classes with a step of 5 veh/km and for the finer disaggregation below 5 veh/km.



The shape parameter   k   plays a critical role in determining the form of the Pearson Type III distribution and the degree of variability around the mean spacing. For   k < 1  , the distribution is highly skewed with a mode at zero, indicating pronounced variability and a high frequency of very small spacings. When   k = 1  , the distribution reduces to the exponential case, corresponding to maximum randomness. For   k > 1  , the mode shifts away from zero and the distribution becomes progressively more symmetric, with reduced relative variability. As shown in Figure 3b and Figure 5b, the estimated values of   k   range approximately between 0.7 and 1.3, reflecting higher variability at low flow and low density levels and a tendency toward stabilization as traffic density increases.



The relationships illustrated in Figure 3, Figure 4 and Figure 5 describe the evolution of the estimated distribution parameters as functions of traffic flow and density. These relationships provide an interpretable and analytically tractable representation of spacing dynamics and can be directly employed in safety-oriented assessments and evaluations of compliance with regulatory spacing requirements, as further discussed in this section.



Figure 6, Figure 7 and Figure 8 further illustrate characteristic trends of the estimated Pearson Type III distributions across the different flow rate and density classes. Specifically, Figure 6a, Figure 7a and Figure 8a show the variation of the expected spacing value associated with each estimated distribution, which, according to the model parameters, is given by   E [ s ] =   s   0   + k / λ  . In all cases, the observed trend of the expected spacing is accurately represented by a negative power-law function, highlighting the systematic reduction in average spacing as traffic conditions become more congested.



Additional insight is provided by Figure 6b, Figure 7b and Figure 8b, which depict the expected average density derived from the estimated spacing distributions, defined as   E D = 1000 / ( k / λ +   s   0   ) .   Figure 6b shows a close correspondence between the density values   E D   inferred from the estimated spacing distributions (vertical axis) and the trend predicted by the Greenberg macroscopic model (horizontal axis), thereby providing further support for the adequacy of the fitted probability distributions. A similar confirmation is provided by Figure 7b and Figure 8b, where the expected average density is compared with the mean density of each class, yielding a linear correlation coefficient very close to unity.




6. Conclusions


This study emphasizes the central role of inter-vehicle spacing, interpreted as spatial headway, for the microscopic analysis of traffic streams on two-lane rural roads operating under unidirectional, single-lane conditions. Although temporal headways have been extensively investigated in the literature, they describe vehicle arrivals at a fixed point and provide only indirect information on physical proximity between vehicles. In contrast, spatial spacing directly represents instantaneous vehicle configurations along the roadway and therefore constitutes a more appropriate variable for assessing collision risk, roadway occupancy, and operational efficiency. Despite this relevance, spacing distributions have received comparatively limited attention. This paper contributes to addressing this gap by developing a probabilistic framework for modeling vehicle spacings under varying traffic volumes and densities.



The principal scientific contribution of this study is the formulation and validation of a probabilistic model for inter-vehicle spacing on two-lane rural roads, based on a flexible parametric distribution and characterized by systematic relationships between distribution parameters and macroscopic traffic variables.



The theoretical foundation of the study is based on the statistical isomorphism between Event Flows and Linear Fields of Random Points, which establishes a formal correspondence between temporal and spatial processes. This framework enables derivation of spacing probability laws from point-process theory while recognizing that, under real traffic conditions with speed variability, temporal and spatial distributions are generally not physically equivalent. Building on this theoretical structure, the calibrated simulation methodology introduced in [31] was employed to generate spacing datasets across a wide range of traffic regimes. These datasets provided the empirical basis for estimating and validating spacing probability distributions, which were consistently and accurately represented by the Pearson Type III family. The Pearson Type III distribution was selected because it provides a three-parameter formulation capable of representing positive skewness, non-zero minimum spacing, and regime-dependent dispersion within a single functional form, while encompassing classical models such as the Negative Exponential, Shifted Exponential, and Erlang distributions as special cases, thereby ensuring a unified representation of spacing across traffic conditions.



The results show that Pearson Type III distributions capture the essential statistical properties of inter-vehicle spacing, including pronounced positive skewness, leptokurtic behavior, non-zero minimum spacing imposed by kinematic and interaction constraints, and increasing autocorrelation under higher flow and density conditions. Importantly, the estimated distribution parameters exhibit systematic and interpretable trends with respect to both hourly traffic flow and vehicle density. The consistency between densities inferred from the fitted spacing distributions and those implied by macroscopic traffic relationships confirms that the proposed probabilistic formulation preserves fundamental traffic dynamics rather than acting as a purely statistical approximation.



From an applied perspective, these findings provide a practical pathway for linking microscopic vehicle interactions with macroscopic traffic variables. By relating spacing distributions to commonly available measurements such as flow and density, the proposed framework enables estimation of the probability of unsafe following conditions without requiring continuous vehicle-position tracking. This capability is particularly relevant for rural road networks, where dense sensing infrastructure is often economically and environmentally impractical. In this context, probabilistic spacing models offer an effective tool for identifying critical operating regimes, supporting compliance with spacing-related safety standards, and informing traffic management strategies aimed at improving both safety and operational sustainability.



The methodology also establishes a statistical foundation for applications in advanced driver assistance systems, collision warning algorithms, and vehicle-to-vehicle communication strategies, where knowledge of the probabilistic structure of inter-vehicle spacing is essential for defining adaptive safety thresholds. In this sense, the contribution to sustainability arises not only through improved safety outcomes but also through enhanced traffic efficiency and reduced dependence on costly monitoring technologies.



Some limitations should be acknowledged. The analysis focuses on unidirectional traffic on two-lane rural roads under no-overtaking conditions and assumes a homogeneous vehicle class with constant length. In addition, the spatial spacing distributions are derived from a calibrated microscopic simulation model and are not yet cross-validated against independent, directly monitored spatial gap datasets (e.g., UAV-based or trajectory-reconstructed measurements). Moreover, although autocorrelation effects are examined and shown not to compromise parameter estimation, the framework remains distribution-based and does not explicitly model the full temporal dependence structure of vehicle interactions.



Future research will extend the present results by using calibrated spacing distributions to derive safety-oriented indicators explicitly linked to minimum following-distance criteria and rear-end collision exposure across traffic regimes. A priority research step will consist in acquiring and analyzing directly observed spatial vehicle spacing data along two-lane rural road segments in order to perform independent empirical validation of the proposed probabilistic model. This development will provide an operational connection between probabilistic spacing models, regulatory compliance, and longitudinal safety, advancing toward a unified framework for assessing safety, efficiency, and sustainability on two-lane road systems.
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Figure 1. Linear random point process on the positive half-line   r +  . 
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Figure 2. Estimated Pearson Type III of spacings: (a) PDFs for groupings of simulated flow rate (bins of 100 veh/h); (b) PDFs for groupings of simulated density (bins of 5 veh/km); (c) PDFs for groupings of simulated density (bins of 1 veh/km between 1 and 5 veh/km). 
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Figure 3. Estimated parameters for Pearson Type III PDFs for groupings of simulated flow rate (bins of 100 veh/h) (dots: empirical data; dashed line: fitted equation): (a) parameter   λ  ; (b) parameter   k  . 
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Figure 4. Estimated parameters for Pearson Type III PDFs for groupings of simulated density (bins of 5 veh/km) (dots: empirical data; dashed line: fitted equation): (a) parameter   λ  ; (b) parameter   k  . 
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Figure 5. Estimated parameters for Pearson Type III PDFs for groupings of simulated density (bins of 1 veh/km between 1 and 5 veh/km) (dots: empirical data; dashed line: fitted equation): (a) parameter   λ  ; (b) parameter   k  . 
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Figure 6. Estimated Pearson Type III PDFs for groupings of simulated flow rate (bins of 100 veh/h) (dots: empirical data; dashed line: fitted equation): (a) Expected value of spacing distribution E[s] =     s   0   + k / λ  ; (b)   E D   =   1000 / ( k / λ +   s   0   )  . 
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Figure 7. Estimated Pearson Type III PDFs for groupings of simulated density (bins of 5 veh/km) (dots: empirical data; dashed line: fitted equation): (a) Exp. value of spacing distribution E[s] =     s   0   + k / λ  ; (b)   E D   =   1000 / ( k / λ +   s   0   )   vs. simulated density. 






Figure 7. Estimated Pearson Type III PDFs for groupings of simulated density (bins of 5 veh/km) (dots: empirical data; dashed line: fitted equation): (a) Exp. value of spacing distribution E[s] =     s   0   + k / λ  ; (b)   E D   =   1000 / ( k / λ +   s   0   )   vs. simulated density.
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Figure 8. Estimated Pearson Type III PDFs for groupings of simulated density (bins of 1 veh/km between 1 and 5 veh/km) (dots: empirical data; dashed line: fitted equation): (a) Exp. value of spacing distribution E[s] =     s   0   + k / λ  ; (b)   E D   =   1000 / ( k / λ +   s   0   )   vs. simulated density. 






Figure 8. Estimated Pearson Type III PDFs for groupings of simulated density (bins of 1 veh/km between 1 and 5 veh/km) (dots: empirical data; dashed line: fitted equation): (a) Exp. value of spacing distribution E[s] =     s   0   + k / λ  ; (b)   E D   =   1000 / ( k / λ +   s   0   )   vs. simulated density.
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Table 1. Theoretical distributions of the distances s: probability density function (pdf); moments; parameter estimation.
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	Distribution
	Neg. Exponential
	Shifted Exponential
	Erlang
	Lognormal





	pdf
	   γ · e x p   − γ s     
	      0     for   s <   s   0            1     1   γ   −   s   0      · e x p   −      1   γ    −   s   0       s −   s   0           for   s ≥   s   0        
	      γ · e x p   − γ s       γ s     k − 1       k − 1   !      
	      1   s β  2 π     e x p   −          ln   s − α       2     2   β   2          



	   Mean   μ   
	      1   γ      
	      1   γ    +   s   0     
	      k   γ      
	   e x p   α +      β   2     2        



	   Variance     σ   2     
	      1     γ   2        
	      1     γ   2        
	      k     γ   2        
	   e x p   2 α +   β   2       e x p     β   2     − 1     



	Parameters estimation/model selection
	      1   γ    =   s  ¯    

      1     γ   2      =     S   2    ¯    
	     s   0   =   s  ¯  −      S   2    ¯     

      1     γ   2      =     S   2    ¯    
	   γ =      s  ¯        S   2    ¯       

   k =        s  ¯    2         S   2    ¯       
	   α = l n     s  ¯   1 +   c   2        

     β   2   = l n   1 +   c   2       

     c   2   =        S   2    ¯        s  ¯    2        







    s  ¯    = sample mean;       S   2    ¯    = sample variance.













 





Table 2. Parameter estimation and GoF for Pearson Type III distribution of spacings for groupings of simulated flow rate (bins of 100 veh/h).






Table 2. Parameter estimation and GoF for Pearson Type III distribution of spacings for groupings of simulated flow rate (bins of 100 veh/h).





	   Q    (veh/h)
	100
	200
	300
	400
	500
	600
	700
	800
	900
	1000
	1100
	1200
	1300





	   k   
	0.739
	0.922
	1.130
	1.188
	1.261
	1.215
	1.276
	1.271
	1.276
	1.244
	1.186
	1.155
	1.077



	   λ   
	8.00 × 10−4
	2.30 × 10−3
	5.10 × 10−3
	8.20 × 10−3
	1.24 × 10−2
	1.65 × 10−2
	2.21 × 10−2
	2.78 × 10−2
	3.50 × 10−2
	4.18 × 10−2
	4.79 × 10−2
	5.60 × 10−2
	6.02 × 10−2



	     s   0     
	6.90
	6.38
	5.79
	5.92
	4.57
	5.63
	4.53
	4.57
	4.58
	4.55
	4.52
	4.53
	4.51



	1/  λ  
	1239.57
	431.32
	197.99
	121.84
	80.33
	60.70
	45.28
	35.97
	28.57
	23.94
	20.86
	17.84
	16.62



	  E D   (veh/km) =

  1000 / ( k / λ    +    s   0   )  
	1.08
	2.48
	4.36
	6.64
	9.44
	12.60
	16.04
	19.89
	24.37
	29.13
	34.17
	39.77
	44.62



	E[  s  ] (m) =

    s   0   + k / λ  
	922.73
	403.91
	229.49
	150.62
	105.89
	79.36
	62.33
	50.28
	41.03
	34.33
	29.27
	25.15
	22.41



	       D   n    ¯    
	0.114
	0.112
	0.102
	0.100
	0.102
	0.100
	0.104
	0.103
	0.103
	0.107
	0.111
	0.114
	0.117



	Mean p Value
	0.26
	0.26
	0.34
	0.36
	0.34
	0.35
	0.32
	0.32
	0.31
	0.29
	0.24
	0.22
	0.20



	      D   n    ¯  <   K S C   α = 0.05 , n = 100    

Mean p Value > 0.05
	**
	**
	**
	**
	**
	**
	**
	**
	**
	**
	**
	**
	**







** Null hypothesis (empirical vs. theoretical distribution consistency) not rejected.













 





Table 3. Parameters estimation and GoF for Pearson Type III distribution of spacings for groupings of simulated density (bins of 5 veh/km).






Table 3. Parameters estimation and GoF for Pearson Type III distribution of spacings for groupings of simulated density (bins of 5 veh/km).

















	   D    (veh/km)
	1–5
	5–10
	10–15
	15–20
	20–25
	25–30
	30–35
	35–40
	40–45





	   k   
	0.742
	1.173
	1.274
	1.276
	1.280
	1.243
	1.186
	1.184
	1.200



	   λ   
	1.50 × 10−3
	9.40 × 10−3
	1.72 × 10−2
	2.47 × 10−2
	3.22 × 10−2
	3.97 × 10−2
	4.59 × 10−2
	5.39 × 10−2
	6.35 × 10−2



	     s   0     
	5.79
	5.63
	4.53
	4.57
	4.58
	4.55
	4.52
	4.55
	4.53



	1/  λ  
	686.94
	106.89
	58.24
	40.53
	31.10
	25.16
	21.81
	18.56
	15.75



	  E D   (veh/km) =

  1000 / ( k / λ    +    s   0   )  
	1.94
	7.63
	12.70
	17.77
	22.52
	27.92
	32.91
	37.70
	42.67



	E[  s  ] (m) =

    s   0   + k / λ  
	515.72
	131.00
	78.72
	56.27
	44.40
	35.82
	30.39
	26.53
	23.43



	       D   n    ¯    
	0.136
	0.104
	0.102
	0.105
	0.104
	0.106
	0.111
	0.109
	0.106



	Mean p Value
	0.11
	0.32
	0.33
	0.30
	0.31
	0.29
	0.24
	0.26
	0.27



	      D   n    ¯  <   K S C   α = 0.05 , n = 100    

Mean p Value > 0.05
	
	**
	**
	**
	**
	**
	**
	**
	**







** Null hypothesis (empirical vs. theoretical distribution consistency) not rejected.













 





Table 4. Parameter estimation and GoF for Pearson Type III distribution of spacings for groupings of simulated density (bins of 1 veh/km).






Table 4. Parameter estimation and GoF for Pearson Type III distribution of spacings for groupings of simulated density (bins of 1 veh/km).





	   D    (veh/km)
	1
	2
	3
	4
	5





	   k   
	0.738
	0.897
	0.9417
	1.134
	1.127



	   λ   
	8.00 × 10−4
	2.00 × 10−3
	2.74 × 10−3
	4.70 × 10−3
	5.60 × 10−3



	     s   0     
	6.90
	6.38
	6.37
	6.27
	5.79



	1/  λ  
	1244.00
	497.57
	365.53
	213.15
	178.01



	  E D   (veh/km) =

  1000 / ( k / λ    +    s   0   )  
	1.08
	2.21
	2.85
	4.03
	4.85



	E[  s  ] (m) =

    s   0   + k / λ  
	925.34
	452.78
	350.59
	247.93
	206.38



	       D   n    ¯    
	0.114
	0.115
	0.107
	0.102
	0.102



	Mean p Value
	0.26
	0.24
	0.30
	0.34
	0.34



	      D   n    ¯  <   K S C   α = 0.05 , n = 100    

Mean p Value > 0.05
	**
	**
	**
	**
	**







** Null hypothesis (empirical vs. theoretical distribution consistency) not rejected.
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